Few studies have compared preference values of health states obtained in different countries. This paper applies a nonparametric model to estimate and compare EQ-5D health state valuation data obtained from two countries using Bayesian methods. The data set is the US and UK EQ-5D valuation studies where a sample of 42 states defined by the EQ-5D was valued by representative samples of the general population from each country using the time trade-off technique. We estimate a function applicable across both countries which explicitly accounts for the differences between them, and is estimated using the data from both countries. The paper discusses the implications of these results for future applications of the EQ-5D and further work in this field.
Introduction
There has been an increasing use of preference-based measures of health related quality of life in order to calculate quality adjusted life years (QALYs) for use in cost effectiveness analyses. These preference-based measures are standardised multidimensional health state classifications with preference or utility weights elicited from a sample of the general population (Brazier et al, 2007a) . There are currently a number of such preference-based measures, including the generic EQ-5D (Brooks, 1996) , HUI2 & 3 (Torrance et al, 1996; Feeny et al, 2002) , 15D (Sintonen, 1994 (Sintonen, , 1995 , AQoL (Hawthorne et al, 2001) , QWB (Kaplan et al, 1988 ) and the SF-6D (Brazier et al, 2002) and condition specific preference-based measures have also been developed (Revicki et al, 1998; Brazier et al, 2007b) . These measures provide empirically derived health state value that can be used to derive QALYs for use in a cost-effectiveness analysis (Drummond et al, 2005) .
The EQ-5D has become one of the most widely used measures of health status and it has been valued in the most countries of any of the generic preference-based measures. There is a concern that valuations may differ between countries due to differences in culture or health care delivery systems, thus invalidating the use of values obtained from one country in another. Earlier research with the EQ-5D found quite small and largely unimportant differences between UK, US and Spain (Johnson et al, 2005 and Badia, et al, 2001) . A valuation of the HUI3 in France also found little difference with the Canadian data set. Using a much larger valuation data set obtained using the TTO from a representative sample of the US population, Johnson et al (2005) found that differences in EQ-5D health state valuations between the United States and United Kingdom general populations are potentially important. This paper extends their work by using a new nonparametric Bayesian method to model the differences between these countries that is simpler, a better fitting and more appropriate for the data that the conventional parametric of Johnson et al (2005) . The objective of the study is to compare the directly measured US population-based EQ-5D health state valuations with those generated in the UK population survey and to investigate whether the valuations differ between the two populations and, if so, how.
Section 2 of this paper provides a brief description of the US and UK EQ-5D valuation surveys and the data used in this paper. Section 3 sets out a Bayesian nonparametric model that we believe provides more realistic and flexible inference for preference functions. Section 4 presents the results of using the Bayesian method using the US/UK EQ-5D data set. We conclude with a general discussion of the results in Section 5 including some directions for future research in the merging field of cross country valuation.
EQ-5D data set
This instrument has a structured health state descriptive system with five dimensions of mobility, self-care, usual activities, pain/discomfort and anxiety/depression (Brooks, 1996) . Each dimension has three levels of no problem (level 1), moderate or some problem (level 2) and severe problem (level 3). Together these 5 dimensions define a total of 243 health states formed by different combinations of the levels (i.e.
3
5 ), and each state is described in the form of a five-digit code using the three levels (e.g. state 12321 means no problems in mobility, moderate problems in self-care, and so on).
The most widely used scoring algorithm has been estimated from the valuation survey undertaken by the UK Measurement and Valuation of Health (MVH) group at York.
They used a variant of the VAS and TTO in an interview survey of the UK general population (response rate 56%). Respondents were interviewed in their own home using TTO and VAS to each value 13 states. In all 43 EQ-5D states were valued in this way. Regression techniques were used to model these data to estimate additive functions with decrements for the moderate and severe dysfunctional categories of the five dimensions, a constant term for any kind of dysfunction and the term 'N3' for whenever any of the dimensions are severe
The US study used the same set of states and valued them using the same valuation methods. However, whilst the UK valuation study employed a simple sampling design, the US study used a 4-stage, cluster sampling strategy, with over sampling of the 2 largest minority groups, Hispanics and non-Hispanic blacks (Shaw et al (2005) .
A total of 4048 (response rate: 59.4 %) and 3395 (response rate: 64 %) respondents were interviewed in the US and UK studies, respectively. Respondents were excluded with incomplete or inconsistent responses and this resulted in usable valuation data from 3773 and 2997 respondents. These samples were found to be reasonably representative of their populations in terms of sociodemographic characteristics (Dolan, 1997; Shaw et al, 2005) .
Each respondent was asked to value 12 EQ-5D states. The US and UK studies differed in the way the 42 states were allocated across respondents. In the UK 41 health states (excluding 33333) were divided into 4 groups by severity of problems and each respondent was randomly assigned 2 "very mild," 3 "mild," 3 "moderate," 3 "severe" states, plus 33333. US respondents were randomised to get 1 of 5 groups of predefined health states: four groups were the modelling sample that each included 
Modelling
The aim of modelling is to estimate health state utility values for all states for the EQ-5D from the 42 valued states. . The utility associated with a health state is assumed to be a function of that state, hence by estimating a relationship between the descriptive system and the observed values we can infer values for all states. Valuation surveys generate data with a complex structure creating a number of problems for estimation and a variety of techniques have been used to deal with these problems (Brazier et al, 2002) . In the main these have used parametric relationships with particular assumptions about functional form, but here we contrast this parametric approach reported by Johnson et al (2005) with a more realistic and flexible nonparametric model.
A general model for health state valuations can be described by (Kharoubi et al, 2005) :
where, for i = 1, 2, …, j n and j = 1,2, …, (Kharoubi et al, 2007) . In the present study,
we include nationality as a covariate.
The parametric approach
Johnson et al (2005) specify the following model for respondent j's health state utility:
where µ and θ denote unknown parameters, j α is a term to allow for individual characteristics of respondent j. Johnson et al (2005) included four terms their model (1): respondents' national identity, sex, age and age-squared.
is a vector of dummy explanatory variables. In the simplest, no-interactions, case of this model,
is a vector of terms (2002) includes country-specific effects on these valuation predictors (through interaction terms) together with a constant country-specific effect across all health states (through a national identity term). This model had a further 13 variables resulting in 27 in all.
Estimation of this random effects model is via generalised least squares or maximum likelihood and so the population health state utility for state x in this model is
The nonparametric approach
The models used in all previous analyses have, like (2), been parametric. They have therefore imposed a particular form on the utility function. Kharroubi et al. (2005) propose to use a nonparametric approach that allows the function to take any form, employing Bayesian hierarchical modelling.
The Kharroubi et al. (2005) model describes the intrinsic characteristics of individual health state valuation data in a way that is argued to be more theoretically appropriate than previous parametric models. For respondent j, the health state utility of state ij
Note that the individual respondent term j α enters multiplicatively rather than additively as in Johnson et al (2005) . The term u(x) is the median health state utility of health state x. 1 The mean health state utility is
where α is the mean value of ) exp(α over the whole population. This will not in general be 1, and so the population (mean) health state utility is not the same as the median health state utility u(x). More details of the nonparametric modelling and evaluation of α are given in Kharroubi et al. (2005) . Kharroubi et al (2007) extended this model to allow the individual respondent effects to depend on covariates representing respondent characteristics, such as age, sex or educational status, through the further equation
where t j is the vector of covariates for respondent j and θ is the vector of coefficients for the covariates. Note here that t's are centered to ensure that they have zero means, and hence that the value of For the problem of interest, we wish to model specifically the particular ways in which respondents in the US value health differently from those in the UK. First, we can treat being a US or UK respondent as a covariate, using (4). This allows both populations to share an underlying utility function u(x), but for US respondents to differ systematically from UK respondents in how they individually value health.
Through additional interaction covariate terms, we can allow this systematic difference to depend on age, sex, or other covariates. However, it is possible that the differences between the two cultures are more subtle than this, and for instance US respondents may give lower utility values for poor health in one dimension but higher utilities when health is compromised in a different dimension. We therefore allow for 1 In the Kharroubi et al (2005) model, the distribution of j α is normal, so it has zero median as well as zero mean, and the median of ) exp( j α is therefore 1. this kind of dimension-specific difference in the two utility functions via the following amendment to the model (3):
where the term u c (x) in (5) is the utility of health state x in country c (c = 1 if US respondent; 0 if UK respondent), and is represented as:
The expression x 0 β′ + 0 γ in (6) expresses a belief that the underlying utility function
for UK respondents will tend to behave like a simple linear combination of the elements of the health state description vector x. The coefficients 0 β (which we expect to be negative) represent rates at which utility generally declines when we increase the level in the corresponding dimension of x. The comparable expression in (7) modifies these underlying trend variables with additional coefficients to reflect dimension-specific differences between the US and UK. Note that the inclusion of a US/UK covariate in (4) means that the median value of ) exp(α in given country will not in general be one and so, unlike (3), u c (x) is not the median health state utility 2 .
2 Here the distribution of j α is defined by (4), so its median is not zero, and the median of ) exp( j α is therefore different than 1. This shifts the median utility in both models.
Results
For this analysis the vector of covariates is set to be (US, Age, Age2, Sex, US*Age, US*Age2, US*Sex) where US is a dummy variable to differentiate respondents' national identity (1 if US respondent; 0 if UK respondent) and Age2 is squared age.
To further investigate how valuations differ between the two countries, the interaction terms US*Age, US*Age2 and US*Sex are included. Table 1 As can be seen, these distributions are concentrated away from zero which indicates that these covariates have important effects. Note that the age (and age squared) and sex effects are consistent with those previously found for SF-6D (Kharroubi et al, 2007) . The main additional finding here is that the US covariate has a substantial effect. Figure 3 shows the posterior distributions of the interaction terms US*Age, US*Age2 and US*Sex. There appears to be a substantial interaction between US/UK and sex. The magnitude is about 0.05, whereas the marginal sex effect is about -0.04 (Figure 2 ). Given the marginal sex effect and interaction effect are of opposite signs and of comparable size, this means that there is little net effect from the sex variable in the US. Figure 4 shows the mean TTO utility values by age for the pits state (33333) for both the US and UK. We see that US posterior means for the true population mean valuations for both males and females are higher than the UK valuations for this health state. We also see that the line marked with squares is very close to the one marked with diamonds which also indicates that the sex effect in the US is small. The big difference between the line marked with triangles and the one marked with stars shows an appreciable sex effect in the UK. Finally, the age effect seems larger in the UK but this does not appear to be a substantial interaction (between US/UK and age) as the magnitude is about 0.004 (Figure 3 ), whereas the marginal age effect is about -0.004 (Figure 2 ). with high probability, all of these 5 coefficients are negative, so the fitted parametric relationship for the UK satisfies monotonicity. Figure 6 shows the posterior distributions of the elements of the corresponding γ 1 and β 1 in (7). The first element is the change γ 1 in the constant term between the UK and US and the other 5 elements represent changes in slope β 1 as each of the 5 dimensions increases. We see that all these parameters have posterior distributions strongly to one side of the zero value, indicating that there are genuine differences between the US and UK in how individuals respond to poor health in each of the five dimensions. Note, however, that for the first two dimensions (Mobility and Self Care) the differences are negative, indicating that US respondents are more sensitive to poor health in these dimensions, whereas positive differences in the other dimensions suggest that the US respondents were less concerned about Usual Activities, Pain/Discomfort or Anxiety/Depression than their UK counterparts. We also note, however, that the magnitudes of these parameters are much smaller than the corresponding β 0 parameters and so this indicates rather small differences between UK and US. Estimated mean valuations for the 43 EQ-5D health states ranged from -0.38 (33333) to 1(11111) for the US population and from -54 (33333) to 1(11111) for the UK population. The (US-UK) differences in population means range from -0.01 (21111) to 0.25 (21232). In addition, mean valuations of 8 health states are less than 0 for the US whereas negative mean valuations are present for 16 health states for the UK population. We found that the maximum difference between the two approaches is 0.1109, for pits health state, whereas the difference on average is 0.039 (Table 1 ). As always, it is important to check the validity of the assumed model (3). Figure 10 plots a histogram of standardised residuals across all 81240 health state valuations for the Bayesian model. According to this model we would expect these to have approximately a standard normal distribution. Figure 10 broadly supports this, although there is some evidence of skewness. This is not surprising, given the negative skewness in the original TTO data at the individual level. However, the degree of skewness is probably not high enough to invalidate the analysis in our model, which assumes normally distributed errors.
A better test of the validity of the model is to investigate its ability to predict the values for states that have not been used in the estimation. Data relating to 3 selected health states (5204 observations) were removed randomly from the estimation data, and the models fitted on data for the remaining 40 states (76036 observations). Table   3 presents the true sample means for the 3 omitted states, together with their predicted mean and standard deviation values from the nonparametric model estimated on the reduced data set. The predictive performance of the nonparametric model is better than the parametric model overall, with root mean square error (RMSE) of 0.040 and 0.168, respectively. It can be seen that the nonparametric model predicts the omitted data quite well. It is to be noted that the predictive standard deviations here are larger than those in Table 1, because the model in Table 1 is predicting the data on which it was estimated, whereas the model in Table 3 is predicting out of sample data.
Discussion
In this paper we have developed a Bayesian nonparametric model for estimating the utility values of health states defined by the EQ-5D generic descriptive system., in order to generate QALYs and hence to conduct cost utility analysis of health care interventions. We believe our model is simpler, a better fit, predicts validly and more meaningfully than the previous analysis of Johnson et al (2005) .
The most important difference between our analysis and that of Johnson et al (2005) is the way that our model identifies distinct, interpretable aspects of the differences between the UK and US population valuations of EQ-5D. The dominant effect is the US covariate, whose positive value means that US respondents generally place higher utility on all the health states. Because of the multiplicative way that covariates enter our model, this fits the data better since the difference between the two countries is negligible for good health states and at its greatest for the poorest health state (33333).
Johnson et al found the same effect, but only through estimating a very large number of parameters, whereas our model clearly shows this through a single dominant term.
It is this parameter that can be seen in the steady trend of the line marked with triangles in Figure 1 or the steady deviation of the points from the solid line in Figure   8 .
This factor is moderated through a second covariate term, the interaction between US and Sex. We see that this overall tendency to give higher utilities is stronger for females than for males, such that whereas there is a clear sex difference in the UK this effectively disappears in US respondents. Finally, we have seen that the US respondents are more sensitive to poor health in mobility and self care, but less sensitive in the dimensions of usual activities, pain and anxiety. These differences are small but emerge clearly in the analysis.
In contrast, Johnson et al (2005) model national/cultural differences through fitting separate US and UK parameters for every level (above 1) of every dimension.
Through estimating many more parameters, their analysis is susceptible to over-fitting and data artefacts (which we believe can be seen in the more disordered behaviour in Figures 7 and 9 i.e. the non steady trend of the line marked with triangles in Figure 7 more difficult to interpret.
The novel part of the analysis was to use the covariate framework of the Bayesian model to represent the differences between the two countries. Understanding this will be hugely important in terms of reducing the need for instruments to be valued separately in each country. It is shown that, although the model gives satisfactory results for the US and UK separate fits, the combined analysis is better and so the use of the interactions terms as covariates is an acceptable model. This implies that the US and UK should use the combined data rather than their own ones.
In conclusion, we found meaningful country-specific differences in directly elicited TTO valuations of EQ-5D health states between the US and UK general populations.
The differences in valuations depend on the degree of severity of the health state. The simple idea of a covariate to represent the US and UK is adequate and hugely important in terms of reducing the need for EQ-5D to be valued separately in each country. The model is applicable to other generic health state descriptive systems such as SF-6D and HUI-II, as well as to more specialised, disease-specific systems. UK mean valuations U S m e a n v a lu a tio n s 
